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System dynamics (SD), discrete event simulation (DES) and agent-based model (ABM) are three 
different simulation modelling methods widely applied to support decision-making in complex systems 
across various disciplines. However, single simulation modelling approaches can face significant 
challenges representing the multi-dimensional nature of complex systems composed of interactive and 
interconnected constituents with dynamic behaviours. Combining different simulation methods offer an 
opportunity to overcome these challenges and to capture important characteristics and behaviours of such 
systems. Despite the growing interest and popularity in this approach, guidance for designing and 
utilizing hybrid models, especially for those combining SD and ABM, is scanty. This paper aims to 
review and consolidate the existing theoretical guidance/frameworks on combining these two simulation 
methods. Based on this literature review, we propose an initial framework for combining SD and ABM. 
Keywords: System dynamics, agent-based model, hybrid simulation, theoretical frameworks. 
1 INTRODUCTION 
Although system dynamics (SD) and agent-based model (ABM) are different in terms of their 
philosophical approaches, both methods possess strong explanatory capabilities and can be combined 
and/or integrated (Bobashev et al, 2007; Phelan, 1999). The top-down approach of aggregated feedback 
of SD and the bottom-up approach of ABM may complement one another in a hybrid simulation 
modelling design to provide useful insights and realistic aspects of problems of complex systems. 
Combining SD and ABM enables problem owners to deal with different factors of system complexity, 
including micro, meso, and macro perspectives; strategic, tactical and operational levels; and detail and 
dynamic complexity (Begun et al, 2003; Morel & Ramanujam, 1999). The scope of this paper is to 
consolidate the existing guidance on how to combine the two simulation modelling methods and propose 
a framework for developing hybrid SD-ABM models.   
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2 OVERVIEW OF SYSTEM DYNAMICS AND AGENT-BASED MODEL 
2.1 System Dynamics  
From an SD perspective, the interaction among the elements within a system and their interaction with the 
environment generate the characteristic behaviour of that system (Pidd, 1998). SD is a simulation 
modelling method which represents the structure of complex systems as accumulations (stocks), rates 
(flows), feedback and time delays, and examines their behaviour over time (Sterman, 2000). Stocks (or 
“levels”) are defined as aggregation or accumulations of inflows and outflows over a period of time. 
Feedback exists when a change in a variable in the system impacts other variables in the system and these 
variables then, in turn, influence the initial variable. Delays represent the time it takes to measure and 
report information, make decisions or update stock that causes outputs to lag behind inputs.  
2.2 Agent-Based Model  
ABM is a simulation method for modelling autonomous, dynamic and adaptive systems and is formed on 
the basis of three key concepts which are agency, dynamics, and structure (Borshchev & Filippov, 2004; 
Gunal, 2012). Agency means that agents are autonomous entities with specific properties, actions and 
possibly goals. Dynamics is the development, change, and evolvement of both agents and their 
environment over time. Structure is emergent as a result of agent interaction. Agents live in the 
environment, sense it and decide what action to employ at a certain time on the basis of the current state 
of the environment and their own state and defined decision rules. Agents can have explicit targets to 
minimize or maximize, and they can also learn and adapt based on their experiences. Such interactions 
result in the update of agents’ internal state or decision on their next actions. The lower-level autonomy 
and interaction lead to the concept of dynamics at the system level. The system changes and patterns 
emerge as agents and their environment evolve or co-evolve over time. The core idea of ABM is that a 
model composed of agents that interact with one another and their environment can effectively 
demonstrate many (if not most) phenomena and real-world systems (Wilensky & Rand, 2015). 
3 THE EXISTING THEORETICAL GUIDANCE ON COMBINING SD AND ABM 
SD and ABM have already been used separately to study the same problem in some areas which has led 
to interesting outcomes. For example, Scholl (2001) compared SD and ABM literature on the bullwhip 
phenomenon, which arises in supply-chain management, and Rahmandad and Sterman (2008) studied 
literature using these methodologies to model “networking” problems such as innovation diffusion and 
AIDS dissemination through needle sharing (Rahmandad & Sterman, 2008; Scholl, 2001). These reviews 
indicate differences and similarities between results and explanations of the studied phenomena in the two 
simulation modelling methods. In addition to supply chain management and diffusion, SD and ABM 
methods were also compared in areas such as ecology (Norling, 2007) and biology (Wakeland et al, 
2004). Applying the two methods separately to study the same problem provide fruitful insights, cross-
validation, and triangulation of results (Phelan, 2004). While the early works focus on the use of one 
simulation modelling method to validate outputs generated by the other and triangulate outputs, a growing 
number of studies using hybrid SD-ABM approaches have shown the diversity in the designs of 
hybridization of the two methods. We conducted a review of literature on the existing theoretical 
guidance to design a hybrid simulation model that combines SD and ABM and summarized the results of 
different designs for a hybrid SD-ABM model in Table 1. Although some of the studies included in this 
table provide guidance on mixing SD and discrete event simulation (DES), mixing analytic and 
simulations modelling, or mixing methods in general, the hybrid designs they proposed can be used for 
mixing SD and ABM. It should be noted that we did not include Lättilä et al (2010), Onggo (2014), and 
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Djanatliev and German (2015) in Table 1. Although these studies provide guidance on mixing simulation 
methods, they did not provide a description of specific hybrid designs. 
 We identified and classified the existing combinations of SD and ABM into six designs. As the 
literature uses different sets of terminology to describe similar designs, we will not explain all 
terminology but only the general ideas for each design. Detailed explanations can be found in the 
referenced papers. When using a parallel design, SD and ABM are used to develop independent models 
either to address different aspects of the same problem which are better suited with one particular 
simulation method or to represent the same problem for direct comparison. Results of these models are 
ultimately combined to solve the same problem or compared to enhance confidence in output produced by 
each model. A sequential design includes two or more separate sub-models embedded in different 
simulation modelling methods in which one model is used to inform the other. One simulation is initially 
run, and it produces output before terminating; the second simulation starts to run, using as input the 
output of the first simulation. The information and/or data are passed only once from the first to the 
second simulation. The output of the second simulation represents the final output of the hybrid model. 
An interaction design comprises different sub-models developed using different simulation modelling 
approaches which are considered equally important and interact cyclically during run time. Interactions 
between sub-models occur several times in each direction. A sequential design can be considered as a 
special case of the interaction design when the interaction occurs once and in one direction only. 
Integration is an approach that combines different simulation modelling methods to create one seamless 
hybrid model in which it is impossible to explicitly distinguish between the SD and ABM parts and to 
identify where one simulation approach ends and the other begins. This design offers a coherent view of 
the problem which enhances continuous flows of information and feedback and captures interactive 
effects within a system. Although several studies concur on the definition of an integration design, only 
Swinerd and McNaught (2012 & 2014) describe in detail different ways to develop an integrated hybrid 
model. They proposed three designs which belong to the integrated class, including agents with rich 
internal structure, stocked agents, and parameters with emergent behaviour. This design combines 
different simulation modelling methods to form one unified hybrid model in which one method dominates 
and is enhanced by elements of another. As enrichment and integration designs share many similarities, 
there seems to be a continuum from enrichment to full integration in hybrid simulation modelling designs 
depending on the relative dominance between the adopted simulation approaches. An enrichment design 
uses an element of one simulation method to enhance the main method without the need to build an 
additional model, while integration brings together two full methods to create something new. A dynamic 
design allows the dynamic switching between SD and ABM in the structure of a model. Its reported 
application is to efficiently depict the process of an ongoing epidemic. The extent to which sub-models in 
a hybrid simulation model are coupled depends on its design and are increasingly coupled in the 
following order: parallel (genuinely independent), sequential (loosely coupled), interaction, dynamic, 
enrichment, and integration (inseparably coupled). 
Table 1 The existing theoretical guidance/frameworks for combining SD and ABM 
References Designs for a hybrid SD-ABM model 




Class I Class III, IV   Class II  
(Bennett, 1985) Comparis-
on  
  Enrichment Integration  
(Kim & Juhn, 
1997) 
   Multi-Agent Dynamics where a 
hybrid model is constructed with 
the principles of SD and using 
array variables to represent the 
individual agents 
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(Parunak et al, 
1998) 
   Agents modeled using the 
equations of SD. 










   Using SD to model the internal 
decision logic or cognitive 





   SD sub-models inside discretely 
communicating agents. 
Agents live in an environment 
whose dynamics is modeled using 
SD. 
 
(Lorenz & Jost, 
2006) 
   Using SD structures to create 
entities for an ABM. 
An “active” environment 
 
(Bobashev et al, 
2007) 














Eldabi, 2008)  










    The “Holy 
Grail” 
 
(Vincenot et al, 
2011) 
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including: 






















(Morgan et al, 
2017) 
Parallel Sequential Interaction Enrichment Integration  
4 LIMITATIONS OF EXISTING GUIDANCE FOR HYBRIDIZING SD AND ABM 
There are three major limitations of the studies shown in table 1 when providing guidance on combining 
SD and ABM Firstly, they do not specify the processes that modellers need to take and which aspects 
they need to consider to reach a decision on the design of a hybrid model.  Secondly, we note that such 
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guidance is established at a high level and it is, therefore, still quite abstract and not straightforward for 
problem owners to apply in solving a specific problem. Lastly, most of the existing hybrid simulation 
modelling studies focus on dealing with issues of particular domains such as inter-organizational network 
development in Akkermans (2001) or supply chain management in Schieritz and Größler (2003), rather 
than offering a broader but more detailed guidance specifying when, why, and how to combine SD and 
ABM approaches. In this paper we focus on describing “how” the two methods can interact and exchange 
data and information. The paper seeks to provide a detailed and practical stepwise instruction that 
specifies what steps modellers need to take and what they need to do in each step to build a hybrid 
simulation model.  This is achieved through building on the existing guidance on hybrid SD-ABM 
modelling and reflecting on existing hybrid SD-ABM studies and the process of building a hybrid model. 
A guideline presented in a consistent and structured format will assist the selection of appropriate model 
designs in future studies, which will further facilitate and enhance the efficiency of the process of 
developing a hybrid model and the usefulness of the created models. 
5  A HYBRID SD-ABM SIMULATION MODELLING FRAMEWORK 
We propose a hybrid SD-ABM simulation modelling framework that aids modellers in the conceptual 
design phase of the development of a hybrid model. We expand and elaborate the existing work in this 
research area and focus on the processes that are essential to structure the problems into hybrid simulation 
models of which discussing different designs of hybridization is one part. In the proposed framework, the 
iterative process of developing a hybrid simulation model has been divided into 9 steps. The first three 
steps aim to specify the characteristics of the problem of interest on which modellers determine whether 
an individual SD or ABM or a hybrid SD-ABM is most suited to modelling the problem. In the fourth 
step, modellers determine different modules within a hybrid model, the hierarchy, and levels of 
abstraction for each of them. A simulation modelling method is chosen for each module in the fifth step. 
After defining the flows of information among modules in the sixth step, in the next step, the modeller 
decides on a design to combine these modules (i.e., combing different simulation modelling methods into 
a hybrid model). Finally, interfaces between modules and updating rules are defined. 
5.1 Conceptualizing the Problem 
Before developing a simulation model, it is vital to be clear about the nature of a problem under 
investigation and the objectives of the model. This helps to identify the scope of the model and the level 
of detail required and, therefore, the choice  of appropriate simulation modelling methods (Roberts et al, 
2012; Robinson, 2008). In addition to reviewing literature describing the problem and existing models 
addressing related problems, modellers should widely consult with relevant stakeholders and experts to 
refine the problem definition and develop clear, agreed modelling objectives. Defining the objectives of 
the model is an iterative process as deepening understanding of the problem gained from a modelling 
process may alter objectives. A more detailed understanding of the problem also guides modelling 
decisions. For example, building a simulation model to guide a healthcare practice or a public health 
policy should carefully and explicitly define the problem characteristics such as the target population, the 
healthcare setting, the cost of different interventions and how it can be modelled, the health outcomes of 
importance for that population, and the time horizon adequate to capture differences in outcome across 
interventions. 
5.2 A Problem-Oriented Approach to Choosing Between a Single and Hybrid Simulation 
Modelling Method 
Once the problem is conceptualized, it is important to identify whether the problem of interest can be 
modeled and solved using a single simulation modelling method or requires a hybrid simulation approach. 
Each simulation modelling method has strengths and limitations, making it better suited for specific 
Nguyen, Howick and Megiddo 
problems and less so for other ones (Scholl, 2001). The selection of different simulation modelling 
methods should, therefore, be driven by the problem characteristics. Lättilä, et al (2010) has listed some 
different “problematic situations” where one of the simulation modelling methods is preferred to use. This 
helps answer the questions on why and when it is appropriate to use hybrid simulation models. Modellers 
will choose a hybrid simulation modelling approach that combines the strengths of SD and ABM if one 
simulation paradigm has difficulty to capture the complexity of the problem on its own.  
5.3 Determining Modules, Hierarchy, and Levels of Abstraction 
A model can consist of several components called “modules”. A module should principally be self-
contained and bounded with predefined interfaces (input and output) to the external world, including 
other modules. In a hybrid simulation model, we find it useful to consider a module as one logical 
component of a hybrid model developed using one of the simulation modelling methods (Onggo, 2014). 
In an integrated hybrid model, the boundary between modules is not explicit because the interfaces 
between modules are intertwined. In this case, we still can dissect the model into smaller components, 
where each component will be considered as a module that can receive a set of inputs and transform them 
into a set of outputs. Djanatliev and German’s 2015 work aligns with this idea; they raised the necessity 
to define independent problem areas within a specific domain scope and to model each area using one of 
the simulation methods (Djanatliev & German, 2015). There are several options to perform this task. For 
example, in dealing with the problems in healthcare we can explore the problems in different healthcare 
settings such as hospitals and long-term care facilities. We can also use a hierarchical breakdown to study 
the problems in healthcare at a national/regional level (macro), an institutional level (meso/micro) and an 
individual level (micro).  
5.4 Selecting Simulation Modelling Methods for Each Module 
This step concurs with Horizontal Paradigm Linking proposed by Djanatliev and German (2015). After 
identifying the modules of a problem, modellers need to justify the selection of a particular simulation 
modelling method used for each module and whether it is the most appropriate for the job (Brailsford et 
al, 2013). Specifying the modelling hierarchy in a hybrid SD-ABM model, which is the hierarchical level 
of an SD module relative to that of an ABM module, also aids the choice of a simulation method for each 
module. Figure 1 represents different types of hierarchy levels for different designs of hybrid SD-ABM 





















































Figure 1 The hierarchy levels and information flows for different designs of SD-ABM hybrid models 
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5.5 Defining the Flow of Information between Modules 
In this step, modellers decide on the paths and directions of information flow between modules in a 
hybrid model. Figure 1 describes the flow paths and directions of information between an SD module and 
an ABM module in a hybrid model by arrows. Single-headed arrows indicate that information only flows 
in one direction while double-headed arrows show an exchange of information in both directions between 
two modules. Boxes with dashed borders indicate that the hierarchical level of a module can be at any 
level but not occupying all levels simultaneously. In the sequential design, information is passed in one 
direction, either from an SD module to an ABM module or vice versa. Decisions on the flow of 
information between modules will support the modeller’s choice of the most appropriate design for a 
hybrid simulation model. 
5.6 Selecting a Hybrid Simulation Modelling Design 
Defining the flows of information and choosing a hybrid simulation design are in essence Vertical 
Paradigm Linking, previously described by Djanatliev and German (2015). The flows of data from an 
ABM module to an SD module can be communicated in several different manners: sending the total 
number of agents with specific attributes in the ABM as an inflow to the SD module; the emergent 
property of an ABM influencing the relationship governing a stock level in the SD module; sending a 
population size based on an SD module stock to an ABM module within a predefined unit of time, and 
individual agents can be generated using distribution functions based on existing empirical data or 
theories to represent the necessary heterogeneity of these agents; and using the size of a stock in an SD 
module to affect agents’ behaviours and goals as well as their environment’s attributes. The hierarchy of 
modules and how information exchanges between them inform the selection of a design for hybridization 
as shown in Figure 1. We will discuss the detailed description of each hybrid SD-ABM design and 
examples of its application to explore the specific problems of healthcare associated infections in later 
work. Figure 2 shows how the design of a hybrid simulation model is chosen step by step. 
 
Figure 2 Selection of a hybrid simulation modelling design 
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5.7 Defining Interfaces 
In the second last step, the modeller identifies clear and logical interfaces between modules. An interface 
that decouples the two modules defines the information passing from one module to the other, the module 
generating the information and the one receiving the information during the running time of the hybrid 
model. It is also important to determine how the output produced by a module is treated: whether the 
output information will become input for another module, form a part or the entire output for the hybrid 
model, or both. As one module in a hybrid model is represented by SD while another module is 
implemented in ABM, they have different levels of details. The information needs to be aggregated when 
moving from a lower level of detail to a higher level and disaggregated when moving in the reverse 
direction.  
5.8 Defining Updating Rules 
Updating rules will define when the information will be sent from one module to another and how new 
information is handled by the receiving module to maintain the logical consistency of the whole hybrid 
model (Onggo, 2014). Modellers also need to consider the running time of a model when defining 
updating rules. Although the modules in a hybrid SD-ABM model use the same time advancement 
method, namely fixed-time increments, they may use different time units. Additionally, modules can be 
run on different simulation modelling software which has its own internal time management. If SD and 
ABM modules use the same unit of time, updates can be easily done when the hybrid model advances its 
simulation time. However, this may slow down simulation run time if one runs faster than the other for 
same simulated time unit. One module will have to wait for the other to finish. This will be a bigger 
problem in large models such as models with many agents. If the modules use different units of time, 
updates can occur asynchronously or synchronously. Asynchronously, every time a module advances its 
simulation time, the module’s status may alter and it will send new information to recipient modules 
which the interfaces define (Onggo, 2014). Synchronously, all modules in a hybrid model will pass their 
information to other recipient modules at predefined simulation points which can be, for example, the 
time step of one of the modules.  
6 CONCLUSION 
This proposed framework is still in its infancy but considered as a good starting point to build up a more 
comprehensive version as the research evolves. In future work, we will apply this framework to design a 
hybrid SD-ABM model to explore a problem in healthcare-associated infection prevention and control. 
Based on the experience from implementing the framework to build the model, we also reflect upon the 
framework by considering what was necessary and appropriate to facilitate the process of modelling, what 
was not applicable and what changes should be made to enhance the practicality of the framework. 
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